Little is known of the structural and functional properties of abnormal brain networks associated with neurological disorders. We used a social network approach to characterize the properties of the Parkinson's disease (PD) metabolic topography in 4 independent patient samples and in an experimental non-human primate model. The PD network exhibited distinct features. Dense, mutually facilitating functional connections linked the putamen, globus pallidus, and thalamus to form a metabolically active core. The periphery was formed by weaker connections linking less active cortical regions. Notably, the network contained a separate module defined by interconnected, metabolically active nodes in the cerebellum, pons, frontal cortex, and limbic regions. Exaggeration of the small-world property was a consistent feature of disease networks in parkinsonian humans and in the non-human primate model; this abnormality was only partly corrected by dopaminergic treatment. The findings point to disease-related alterations in network structure and function as the basis for faulty information processing in this disorder.
Introduction
Pattern detection techniques are currently being used to identify abnormal functional topographies in resting-state brain scans from patients with neurodegenerative disorders (Eidelberg 2009; Habeck et al. 2010; Vo et al. 2017) . Disease-related spatial covariance patterns obtained using principal component analysis (PCA) and related multivariate approaches have proved to be helpful as functional imaging biomarkers for differential diagnosis (Tang, Poston, Eckert et al. 2010; Niethammer et al. 2014; Tripathi et al. 2016 ) and for tracking the progression of neurodegenerative processes and their response to treatment Tang et al. 2013; Ko, Feigin et al. 2014) . In Parkinson's disease (PD), for instance, a significant disease-related metabolic covariance pattern (PDRP) has been identified, which is characterized by increased activity in the putamen/globus pallidus/ventral thalamus, dorsal pons, and cerebellum, with relatively reduced activity in the lateral premotor and parieto-occipital cortex (Eidelberg 2009; Spetsieris and Eidelberg 2011) . Subject scores for this pattern, which quantify its expression in individual brain scans, have been found to correlate with clinical motor disability ratings (Niethammer and Eidelberg 2012) , intraoperative ratings of basal ganglia output (Lin et al. 2008; Eidelberg 2009 ), as well as independent PET measurements of nigrostriatal dopaminergic input in PD patients (Holtbernd et al. 2015; Ko et al. 2017) . In addition to its excellent reproducibility in individual subjects and across populations (Eidelberg 2009; Niethammer and Eidelberg 2012; Ko, Feigin et al. 2014) , the PDRP topography has been found to be disease specific, as revealed by its accuracy as a diagnostic marker in patients with parkinsonism (Tang, Poston, Eckert et al. 2010; Tripathi et al. 2016 ) and in individuals with preclinical changes (Holtbernd et al. 2014; Wu et al. 2014) . Importantly, PDRP expression increases with advancing disease (Huang et al. 2007; Ko, Feigin et al. 2014) , while declining toward normal in response to effective treatment (Asanuma et al. 2006; Hirano et al. 2008; Niethammer and Eidelberg 2012) .
In spite of the clinical utility of the PDRP-and its experimental homolog, the parkinsonism-related pattern (PRP) in the non-human primate model Peng et al. 2016 )-the biological basis of these abnormal topographies is only partly understood. Indeed, it is not known whether such characteristic disease-related topographies as PDRP and PRP represent distinct brain networks composed of interconnected regional elements (nodes) with defined spatial structure (topology). Moreover, the computation of individual expression values (subject scores) for a given pattern, while integral to its role as a disease biomarker, may entail the sacrifice of critical data needed to delineate underlying network architecture.
To address this issue, we explored the topographical relationship between the PDRP and corresponding disease networks defined using graph theory. In particular, we determined whether nodal centrality, a graph theoretic measure of a region's importance to the network, correlated with corresponding region weights on established parkinsonism-related metabolic covariance patterns in PD patients and parkinsonian non-human primates. Additionally, graph theory allowed us to examine the topology of the disease network in a manner not possible with spatial covariance mapping. The 2 representations, that is, PDRP region weights in PCA (Spetsieris and Eidelberg 2011) and eigenvector centrality in graph theory (Bullmore and Sporns 2009) , describe different characteristics of the disease network. The PDRP as a whole-brain anatomical representation assigns regional values (weights, PC loadings) according to each area's functional significance to the abnormal PD topography. The graph theoretical representation, by contrast, is more of a topographical schematic based on functional inter-relationships between major regions. Using a novel computational approach borrowed from social network analysis (Correa et al. 2009 (Correa et al. , 2012 , we considered how small perturbations in the centrality of one network node influence the centrality of the others. Thus, for each pair of regionsthat is, for each graphical edge connecting them-we computed the partial derivative of centrality with respect to the number of incoming connections. The resulting value, termed the centrality sensitivity (Correa et al. 2009 ), was used to rank the edges of the graph by the strength of its node-to-node interactions (Correa et al. 2012) . By additionally taking into account the sign of the centrality derivatives, this approach also allowed us to visualize mutually enhancing ("friendship") versus competing ("enmity") functional interactions between pairs of nodes. Indeed, we found that the PD network was characterized by a distinct core-periphery architecture. The disease network was additionally associated with abnormal information processing. The small-world property, defined by shortened communication distance (path length) between nodes and increased connectivity between nearest neighbors (clustering), normally serves to optimize the efficiency of information transfer with biological networks (Watts and Strogatz 1998; Bassett and Bullmore 2016) . The PD network, by contrast, was characterized by a pathological increase in "small-worldness", which was only partially reversed by dopamine treatment.
Materials and Methods

Participants
Human Subjects
We studied metabolic brain images acquired using 18 Ffluorodeoxyglucose (FDG) positron emission tomography (PET) in 4 independent PD (PD1-PD4) and 2 normal (NL1 and NL2) samples (Supplementary Table 1 ). Graph theory analysis was performed on resting-state scan data from each group. For the 3 samples PD1-PD3, imaging was conducted in the "off-state" (OFF), 12 h after cessation of antiparkinsonian medications. Scans from PD1 (n = 33), a mixed patient sample with mild to moderate motor symptoms, were used in combination with NL1 (n = 33), an age-matched healthy sample, for spatial covariance analysis to identify a region-of-interest (ROI)-based PDRP topography for correlation with corresponding centrality measures. (Scans from these subjects were originally used to identify the current voxel-based PDRP biomarker ).) PD2 (n = 33) and PD3 (n = 33), independent patient samples with mild and more advanced motor symptoms, respectively, and NL2 (n = 33), a separate healthy control group, were age-and gender-matched to PD1; scan data from these samples were used for validation. PD4 (n = 21), a separate age-and gender-matched sample, was comprised of patients with mild-moderate motor symptoms who were scanned twice with FDG PET: once in the baseline "off-state" (OFF) (as above, off medication for 12 h), and again in the "on-state" (ON) during an individually titrated intravenous levodopa infusion without dyskinesia (Jourdain et al. 2016) . Scan data from the PD4 subjects were used to assess the effects of clinically effective levodopa administration on the network parameters.
In all disease subjects, a diagnosis of PD was made according to the United Kingdom Parkinson's Disease Society Brain Bank criteria (Hughes et al. 1992) . Patients were excluded if Mini-Mental State Examination score was less than 27. Further exclusion criteria included severe hypertension, cardiovascular disease, diabetes mellitus, and past or current psychiatric history. Routine anatomical magnetic resonance imaging (MRI) disclosed no evidence of structural brain abnormalities or visually discernible atrophy. Ethical permission for all studies was obtained from the Institutional Review Board of Northwell Health. Written consent was obtained from each subject after detailed explanation of the procedures.
Non-human Primates
We additionally studied non-human primates with experimental parkinsonism induced by chronic low-dose systemic 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) administration (Porras et al. 2012) . We compared FDG PET scans from the parkinsonian monkeys (MPTP, n = 11) with their normal counterparts (NL, n = 12) as described previously . (These scans were originally used to identify the PRP, a validated marker of parkinsonism in non-human primates Peng et al. 2016) .) MPTP and NL monkeys were similar in age (12.4 ± 4.6 vs. 10.0 ± 3.9 years; P = 0.20) and weight (9.8 ± 2.2 vs. 8.8 ± 2.6 kg; P = 0.31). Demographic information concerning these animals and the details of the experimental protocol have been provided elsewhere . All non-human primate experiments were conducted in accordance with the relevant guidelines and regulations of Canadian federal government on animal welfare and were approved by the Committee on Animal Care at the University of British Columbia.
Positron Emission Tomography
Human Subjects
In this study, human subjects were scanned with FDG PET in 3D mode using a GE Advance tomograph (General Electric, Milwaukee, WI, USA). The performance characteristics of this instrument have been provided elsewhere (Eckert et al. 2005) . PET scans were conducted in a dimly lit room with eyes open and minimal auditory stimulation. The resulting metabolic images were normalized and smoothed using SPM5 software (www.fil.ion.ucl.ac.uk/spm/). The details of image processing are described elsewhere (Spetsieris and Eidelberg 2011) . Local metabolic activity normalized to global activity was measured in prespecified 95 ROIs according to the automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002) . In addition to 90 ROIs from the AAL, we measured cerebellar activity in 3 discrete ROIs corresponding to the cerebellar hemispheres and vermis. Similarly, activity in the left and right pons was averaged for further analysis.
Non-human Primates
Non-human primates in the normal (NL) and parkinsonian (MPTP) groups were scanned using the high-resolution PET tomograph (ECAT HRRT; CPS Innovations, Knoxville, TN, USA) at the University of British Columbia. The details of these procedures are provided elsewhere . In these studies, the animal stayed awake in a quiet dimly lit room for 40 min after FDG injection. The monkeys were rapidly sedated (ketamine 10 mg/kg intramuscularly) at the end of the uptake period. They were then brought to the PET suite where they were intubated and scanned for 30 min under isoflurane anesthesia. The resulting FDG PET scans were normalized and smoothed using SPM5 software after alignment using the INIA19 macaque brain template (Rohlfing et al. 2012) . From this template, we selected 53 ROIs corresponding to primate regions homologous to those used in the analysis of the human scan data. All regions contained at least 30 contiguous voxels (voxel size: 2×2×2 mm) with gray matter probability of 50% or more. Local metabolic activity was quantified in each ROI as described elsewhere . Several of the animals underwent dopamine cell implantation in the right putamen (Peng et al. 2016) . We therefore restricted the analysis of the non-human primates to unoperated left hemispheres.
Network Analysis
Globally normalized metabolic activity in each of the ROIs was used to generate a region × region correlation matrix for each of the 6 human samples (95×95 for the PD1-PD4 patient and NL1 and NL2 control groups) and for the 2 non-human primate samples (53×53 for the MPTP and NL groups). For PD4, metabolic data acquired on and off levodopa, termed the ON and OFF treatment conditions, were analyzed separately. A correlation matrix based on absolute values of pairwise regional correlation coefficients was constructed for each sample using ROI values for local FDG uptake determined in that particular group. FDG PET signal in a given region reflects afferent synaptic activity (Raichle and Mintun 2006; Lin et al. 2008) . In this context, metabolic correlations between network nodes (either in the same or opposite directions) denote interneuronal information transfer that is more efficient than between arbitrarily chosen region pairs (Matsui et al. 2011) . Thus, absolute values of the correlation matrix elements were sorted and adjacency matrices were constructed at varying cost thresholds (1-50%) (Hosseini et al. 2012) , with cost defined as the graph's connection density, that is, the ratio of the actual to the maximum number of possible edges in the graph. Thus, at the 25% cost threshold, an adjacency matrix corresponding to an undirected graph was generated by setting the top 25% of the absolute rvalues to 1 and the rest including the diagonal elements to 0. The graphs were determined to be fully connected at minimum cost of 18% (NL1), 11% (NL2), 14% (PD1), 12% (PD2), 10% (PD3), 12% (PD4-OFF), 8% (PD4-ON) for the human data and 24% (NL) and 17% (MPTP) for the non-human primate data. For each dataset, we computed the following network metrics: "Clustering Coefficient" (C), a measure of network density represented by the average probability that the nearest neighbors of given node are themselves nearest neighbors of one another; "Characteristic Path Length" (L), a measure of network efficiency represented by the average shortest path length on the graph; "Small-worldness coefficient" (S), the C/L ratio for the graph divided by the analogous measure for a random graph with the same wiring cost (Humphries and Gurney 2008) ; and "Edges", an estimate of the relative number of connected edges within a subgraph. These measures were computed at varying thresholds, at a cost range of 18-50% for the comparisons between NL1 and PD1, 12-50% for NL2, PD2, PD3 and PD4, and 24-50% for the NL and MPTP monkey groups. The details of these calculations are provided in Supplementary Note A. In the human data, differences in the analytical parameters were evaluated separately for the PDRP and non-PDRP spaces of the relevant samples (PD1 vs. NL1, PD2 and PD3 vs. NL2, and PD4-OFF vs. PD4-ON), as well as corresponding group × subspace interaction effects. This was done by performing 10 000 permutations of random samples of the combined subject pool at each cost threshold (Hosseini et al. 2012 ). An analogous approach was used to evaluate these parameters in the PRP and non-PRP spaces of the MPTP and normal non-human primate samples. When the subgraphs were not fully connected, path length (L) values were estimated after removing the unconnected nodes.
For each sample, we used graph theory to compute "eigenvector centrality" (EC), an index of the relative importance of the component regions (nodes) that make up the dominant pattern vector (brain network) (Newman 2010) . In addition, we used finite-difference methods to estimate the partial derivatives of EC with respect to nodal degree for each incident edge (connections) of the graph (Correa et al. 2009 ) (see Supplementary Note B for details). The measure of "centrality sensitivity", introduced above, gauges the impact of a given node on the centrality of another. Centrality sensitivity can be used to simplify the visualization of large, complex networks by retaining only the most influential graph edges (Van Ham and Wattenberg 2008; Correa et al. 2012) . Edge ranking also provides an index of "centralization", that is, the ways centrality is distributed across a graph (Wasserman and Faust 1994) , which in turn can be used to uncover the latent community structure of the network (Girvan and Newman 2002; Van Ham and Wattenberg 2008) .
In this study, edge ranking was based upon centrality sensitivity for 2 reasons: 1) centrality sensitivity preserves the centrality distribution of the original graph; and 2) it distinguishes mutually facilitating node-to-node interactions ("collaboration"/"friendship") from inhibitory nodal relationships ("competition"/"enmity") on the basis of the sign of the corresponding partial derivatives (Correa et al. 2012) . The utility of this approach in probing network structure is illustrated in Figure 1 . In this model network, local hubs exhibit the highest degree (= 10) and EC (= 0.0746), central hubs have moderate degree (= 4) and EC (= 0.0553), while peripheral nodes exhibit low degree (= 1) and small EC (= 0.0172). Nonetheless, in the subgraph of connected hubs (green outline), EC derivatives for the edges connecting the central (red) core hubs have higher average values (0.0284) than those connecting the isolated (blue), more peripheral hubs (−0.0137). This implies that strengthening the connectivity between core hubs increases EC and facilitates information flow within the subgraph.
Relationship Between Spatial Covariance Topography and Eigenvector Centrality
FDG PET scans from the combined PD1 and NL1 sample were analyzed using the Scaled Subprofile Model (SSM) and principal component analysis (PCA) to identify a significant PDRP topography as described elsewhere (Eidelberg 2009; Spetsieris and Eidelberg 2011) . In this study, we used a regional approach analogous to that described previously (Spetsieris et al. 2013) in which spatial covariance analysis was applied to measurements of metabolic activity from the prespecified ROIs (n = 95) determined for individual subjects in both groups using an automated computerized algorithm. This ROI-based PDRP topography ( Supplementary Fig. 1A ) was represented by the first principal component (PC1) in the combined group analysis, accounting for 37.9% of the subject × ROI variance. PDRP region weights were z-scored based upon the mean and standard deviation of all regions as described elsewhere (Spetsieris et al. 2013) . Subject scores for the PDRP, denoting pattern expression in individual subject scores (Eidelberg 2009; Spetsieris et al. 2013 ), were elevated in PD1 relative to NL1 subjects (P < 0.001; Student's t-test). Region weight absolute values on this pattern were correlated with corresponding nodal EC values for each group by computing Pearson product-moment correlation coefficients. In this analysis, 19 ROIs had PDRP region weights that were greater than +1.0; these network regions were considered metabolically "active". Eighteen ROIs showed region weights on the PDRP that were lower than −1.0, and were considered metabolically "underactive".
All the examined graphs were undirected and fully connected, indicating that the corresponding adjacency matrices were irreducible. Because these non-negative matrices had positive diagonal entries, a unique, strictly positive principal eigenvector was guaranteed by the Perron Frobenius Theorem (Meyer 2000, p. 678) . As a result, the EC vectors obtained for the various samples in this study had strictly positive components, which were correlated with absolute values for the corresponding PDRP region weights.
For further analysis, we divided the brain into PDRP and non-PDRP subspaces based upon metabolic data from 37 and 58 ROIs, corresponding respectively to ROIs with high (absolute region weight ≥1.0) and low (absolute region weight < 1.0) local contributions to overall PDRP activity. Graph theoretic metrics from each subspace were permuted 10 000 times for purposes of group comparison (Hosseini et al. 2012) . A similar approach was used in the analysis of the corresponding metrics from the non-human primate scans. Computations were performed using the Brain Connectivity Toolbox (Rubinov and Sporns 2010) and in-house programs running on MATLAB 8.3.0 (MathWorks, Inc., Natick, MA, USA). . To measure the impact of adding 1°to the subgraph of hubs (C1-4 and H1-4; green outline in A), EC partial derivatives for edges incident upon subgraph nodes were row-summed; values for self-nodes were set to 0. Central hubs had higher averaged EC derivatives for incident subgraph edges than local hubs (= −0.0137). The greater centrality sensitivity of the central hubs implies that strengthening its connectivity will further facilitate information flow (i.e., increasing EC) within the hub subgraph. [Partial derivatives of EC were computed using the variational method described by Correa et al. (2012) . In the model network presented in A,
we assessed the effect of increasing the degree of the hub subgraph (C1-4 and H1-4) by 1. This was done by row-summing the entries for the hub regions in the partial derivative matrix. The resulting values were color-coded to match the corresponding nodes depicted in A. See Supplementary Notes for details.]
Statistical Analysis
Topographical correlations between the EC vectors for each sample and corresponding PDRP/PRP region weights were evaluated by computing Pearson product-moment correlation coefficients at varying cost. For regional comparison of the EC sensitivity measures, values from the 95 ROIs were divided into 4 categories based upon the magnitude and sign of the corresponding PDRP region weights (i.e., PDRP < −1, −1 < PDRP < 0, 0 < PDRP < 1 and PDRP > 1). Differences across categories were assessed separately for each sample using 1-way ANOVA and post hoc Bonferroni tests. The number of edges, and C and L values for the PDRP and non-PDRP subgraphs and the differences between the subgraphs were compared across samples using permutation tests (Hosseini et al. 2012 ). All statistical tests were performed using MATLAB 8.3.0 run on a Windows platform. Values were considered significant for P < 0.05, 2-tailed.
Results
Eigenvector Centrality Measures Correlate with Abnormal Disease Topographies
Distinct relationships were identified between the dominant regional covariance patterns identified in the NL1 and PD1 groups and corresponding EC values measured at the 18% cost threshold, which was the minimum necessary for the 2 graphs to be fully connected. For NL1, nodal EC values ( Fig. 2A, top) did not correlate ( Fig. 2B ) with region weights on the ROI-based PDRP identified in the spatial covariance analysis (R 2 = 0.0003, P = 0.88; Pearson correlations). By contrast, for PD1, the correlation between EC values ( Fig. 2A, bottom) and absolute PDRP region weights ( Fig. 2D ) was significant at the 18% cost threshold (R 2 = 0.51, P < 0.001). Indeed, in PD1, EC correlations with absolute PDRP region weights were significant (Fig. 2E ) across the cost range of 18-50% (R 2 > 0.51).
Similar EC correlations were seen in the PD2 and PD3 testing sets (R 2 > 0.42; Fig. 2E ). Indeed, EC values for PD2 and PD3 correlated significantly with one another (R 2 > 0.65) and with corresponding PD1 values (R 2 > 0.54) across the cost range.
The close relationship between PDRP region weights and corresponding EC values for the various PD samples suggests that the disease topography is a prominent component of overall resting network activity in patients but not necessarily in healthy subjects. Analogous findings were observed in non-human primates with and without MPTP-induced parkinsonism ( Supplementary Fig. 2 ). A significant topographic correlation was observed (R 2 = 0.27, P < 0.001) between the EC vector identified in the MPTP group and corresponding absolute region weights on the ROI-based PRP topography (Supplementary Fig. 2B, bottom) ; the correlation between these measures was not significant (R 2 = 0.021, P = 0.30) in the NL monkey group ( Supplementary Fig. 2B, top) . Indeed, significant EC correlations with absolute PRP region weights (Supplementary Fig. 2C ) were evident in MPTP monkeys as varying cost thresholds (r > 0.47, P < 0.001; cost 24-50%), whereas such correlations were not found in the NL group despite varying cost (r > −0.18, P > 0.30; cost 24-50%). In summary, these findings suggest that a consistent relationship exists between graph theoretic disease networks, represented by the EC vectors identified in scans from human PD patients and parkinsonian macaques, and the corresponding diseaserelated covariance patterns.
PD-related Metabolic Network: Core-periphery Structure
We next examined the nodal architecture of the disease network using a graph visualization approach described elsewhere (Correa et al. 2012 ). This method, used previously in the analysis of social networks, ranks the edges of a graph by the sensitivity of EC for a given node to small changes in the number of edges that connect it to the others (see Supplementary Notes). Thus, using a variational approach, we computed partial derivatives of EC with respect to nodal degree for each incident edge. The resulting sensitivity values for each region (Fig. 3A) were sorted by PDRP region weight. In this way, we analyzed the relationship between the sensitivity of a given node to perturbation in the number of afferent connections (incident edges) and local metabolic contribution to the network, that is, the corresponding region weight. Regions contributing to the PDRP, that is, those with absolute weights ≥ 1.0 (z-scale) were classified as being either metabolically active (region weight ≥ +1.0) or underactive (region weight ≤ −1.0).
Regions were considered to be non-contributing to the pattern for absolute region weight < 1.0; weights of these regions on the PDRP were likewise dichotomized by sign.
Average sensitivity values for nodes in the 4 region weight categories are displayed in Figure 3B . Significant differences in sensitivity were observed across the categories in both the NL1 and NL2 groups (NL1: F (3,91) = 13.1, P < 0.001; NL2: F (3,91) = 12.35, P < 0.001; 1-way ANOVA). In NL1 (Fig. 3B, top) sensitivity was high for the active PDRP regions compared to the remaining categories (P < 0.01; post hoc Bonferroni test). In NL2, nodal sensitivity was high in both active and underactive PDRP regions and sign of their respective pattern weight. In both NL1 and NL2, the 2 groups of healthy subjects (top), centrality sensitivity differed significantly across the region weight categories (P < 0.001; 1-way ANOVA). Higher sensitivity values were associated with edges incident upon metabolically active network regions (i.e., salient PDRP nodes with positive region weights; see text). Analogous differences in centrality sensitivity across regional categories (P < 0.001) were observed for PD1, PD2, and PD3, the 3 patient groups (bottom). In each of the patient samples, sensitivity values were greater for edges incident on nodes in the metabolically active category as compared to those in the other regional categories (P < 0.005; post hoc Bonferroni tests). See text for details.
(|region weight| > 1.0) compared to the non-contributing regions (P < 0.05; post hoc Bonferroni tests). No significant difference in sensitivity was observed between the active and underactive PDRP regions (P = 1.0; post hoc Bonferroni test) in NL2.
Significant differences in sensitivity across metabolic weight categories were also present in the 3 PD samples (PD1: F (3,91) = 16.6, P < 0.001; PD2: F (3,91) = 10.4, P < 0.001; PD3: F (3,91) = 16.4, P < 0.001). In each patient group, increased nodal sensitivity was evident only in the metabolically active PDRP regions (P < 0.005; post hoc Bonferroni tests), while significant differences were not seen in the remaining categories (P = 1.0; post hoc Bonferroni tests).
The significantly high sensitivity of the edges connecting metabolically active PDRP nodes suggests the presence of central hubs (see Fig. 1A ) and possible core-periphery organization. To visualize this aspect of network architecture, we restricted the graph to edges representing only the top 1% of their computed sensitivity values (see Supplementary Note B). This approach revealed the presence of 2 nodal communities. The major nodal cluster (Fig. 4, left) , representing basal gangliathalamocortical connections, was populated almost exclusively by metabolically active (red) PDRP nodes. Members of this nodal community were connected via edges that were not only highly sensitive (i.e., had large magnitude centrality derivatives), but also reinforcing (i.e., the centrality derivatives had positive values). Interestingly, the periphery was populated to a large extent by metabolically underactive (blue) PDRP nodes. While these nodes tended to have high EC values (represented in Fig. 4 by disc radius), the lower centrality sensitivity values denoted weaker node-to-node interactions between metabolically underactive PDRP regions compared to the stronger interactions exhibited by their metabolically active counterparts (Fig. 3B, bottom) . Thus, overall, this subgraph (Fig. 4, left) exhibited a discrete core comprised of metabolically active PDRP nodes in the caudate, putamen, globus pallidus, and thalamus, with relatively underactive cortical nodes in the periphery.
A minor nodal cluster (Fig. 4, right) was defined by a set of high sensitivity, mutually reinforcing correlations linking the pons, cerebellum, amygdala, and hippocampus. While coreperiphery structure was not as well-defined in this subgraph, these nodes were influential (high EC) and also metabolically active. The remaining members of this community, represented mainly by areas of the frontal cortex and cingulate gyrus, were less influential (lower EC) and also relatively underactive. We additionally note that despite the similarity between the PD1 and NL1 partial derivative matrices, core-periphery nodal organization was not evident in the latter group.
Parkinson's Disease is Characterized by Excessive Small-worldness
We next considered the potential impact of the disease network on brain information processing. Many biological networks exhibit the small-world property as a means of maintaining efficient information processing in response to perturbation (Bassett and Bullmore 2016) . To determine whether this feature differed for PD and healthy subjects, we partitioned the graph data from each group into 2 discrete subspaces. As above, the PDRP subspace was defined by the influential network regions (absolute weights ≥ 1.0); the non-PDRP subspace was composed of the remaining brain regions (absolute weights < 1.0). Analysis of graph data from PD1 and NL1 (Fig. 5 ) disclosed increases in the clustering coefficient (C) and number of edges for the PDRP Figure 4 . Graph visualization based on the top 1% of centrality derivatives. In this radial graph display of the PD1 connectivity data, nodes connected by edges with high centrality sensitivity were positioned close to the center, while those with lower sensitivity were positioned in the periphery. In this directed graph, incident edges are represented by arrows; the radius of each node is proportioned to local EC. For each network node, corresponding PDRP region weights were color-coded such that metabolically active regions (PDRP weights ≥1.0) were depicted in red while relatively underactive regions (PDRP weights ≤−1.0) were depicted in blue. This display revealed the presence of 2 distinct nodal clusters: a prominent basal ganglia-thalamocortical subnetwork with a distinct core-periphery mesostructure (left), and a smaller discrete subnetwork involving primarily ponto-cerebellar and limbic interconnections (right). Both clusters were centered around cores defined by high magnitude mutually reinforcing node-to-node interactions (i.e., edges with relatively high, positive centrality derivative values). Interestingly, the core nodes identified in this display corresponded almost exclusively to metabolically active (red) PDRP regions, whereas the underactive (blue) regions were localized mainly to the network periphery.
subspace in the patient sample (PD1: C = 0.798, edges = 371; NL1: C = 0.525, edges = 174). By contrast, the characteristic path length (L) for the PDRP subspace was reduced in the same group (PD1: L = 1.438; NL1: L = 1.984), with corresponding increases in the small-worldness coefficient (S) (PD1: S = 6.079; NL1: S = 2.923). Indeed, permutation analysis ( Supplementary Fig. 3 ) revealed that the observed group differences in the PDRP subspace, as well as the corresponding group × subspace interaction effects, were significant over the cost range (P < 0.05; 10 000 permutations). Group differences were not observed, however, in the non-PDRP subspace or over the brain as a whole. Differences between groups in the number of trans-edges connecting PDRP and non-PDRP regions were likewise not significant (P > 0.05; 10 000 permutations at cost 18-50%).
Similar differences between patient and control network parameters ( Supplementary Fig. 4 ) were also seen in the PD2 and PD3 testing samples relative to corresponding NL2 values. As above, permutation analysis (Supplementary Figs. 5 and 6) disclosed increases in PDRP clustering and number of edges, and corresponding path length reductions, in each of the patient validation samples. PDRP small-worldness was likewise abnormally increased in both patient groups. Group differences in these measures and related group × subspace interaction effects were significant over most of the cost range (P < 0.05; 10 000 permutations). Group differences in network parameters were not consistently different for the non-PDRP subspace or for the whole brain.
Analogous network differences (Fig. 6) were also seen in graph data from non-human primates. As in the human, MPTP primates ( Supplementary Fig. 7 ) exhibited significant increases in clustering within the PRP subspace (MPTP: C = 0.732; NL: C = 0.493; P < 0.05; 10 000 permutations at cost 24-42%). Small-worldness was likewise increased within the PRP subspace (MPTP: S = 2.891; NL: S = 1.328; P < 0.05 at cost 24-29, 31-33%). Group differences in the non-PRP subspace were overall not significant.
Discussion
This report highlights the topographic similarity that exists between the absolute value of PDRP region weights and corresponding nodal EC measures. Indeed, this relationship was identified in the PD subjects whose metabolic scan data were used in the original PDRP derivation , and then replicated in 2 additional independent cohorts comprised of early and more advanced stage patients, as well as in nonhuman primates with experimental parkinsonism. EC for a given node represents the probability that the node receives random traffic through the network after a sufficient number of steps have passed (Borgatti 2005) . Thus, the current study shows that the brain regions with high magnitude loadings (region weights) on the disease-related spatial covariance pattern are also the sites of high information flow through the network in the equilibrium state.
Organizational Structure of the PD Metabolic Network
A natural disparity exists between EC vector components (i.e., nodal centrality values), which are positive by virtue of the Perron Frobenius Theorem (Meyer 2000) , and signed region weights on the corresponding spatial covariance patterns. Indeed, significant correlations with the graph theoretic centrality measures were observed only with region weight magnitude (absolute value) but not with the corresponding signed values. EC provides information concerning the relative importance of a given network node. Nodal centrality is, however, a positive measure that correlates with region weights of comparable magnitude (absolute value), whether positive or negative, on the corresponding spatial covariance pattern. What functional characteristics, if any, distinguish metabolically active from underactive network regions? To answer this question, we considered the possibility that nodal metabolic activity within a specific network is determined to at least some degree by its topology. Indeed, based upon the heuristic in Figure 1A , we predicted that synaptic activity, and concomitantly local glucose consumption, would be relatively increased in core regions with dense, mutually facilitating nodal interactions. By contrast, local metabolic activity was expected to be lower in weakly connected peripheral nodes.
To test this hypothesis, we computed partial derivatives of EC at each node with respect to the number of incident edges as a measure of centrality sensitivity. The resulting values allowed us to rank relationships between pairs of nodes by the impact that one node has on the centrality of the other (Correa et al. 2012) . According to this approach, positive sensitivity values denoted mutually facilitating nodal interactions, whereas negative sensitivity values denoted inhibitory or competitive relationships between nodes. A striking observation in our study was that in node-to-node facilitation within the PDRP subspace (i.e., edges with positive EC derivatives pointing to PDRP nodes) was detected almost exclusively in metabolically active ("red") PDRP regions, while the underactive ("blue") PDRP regions were associated with low-magnitude nodal interactions that had summed derivatives that were either 0 or slightly negative. We note that relatively active subcortical regions also contribute to the previously characterized healthy aging-related covariance topography (Moeller et al. 1996) . The presence of such nodes in both networks may explain why significant increases in positive centrality sensitivity values were also seen in healthy subjects (Fig. 3B) , albeit of smaller magnitude than in PD.
Based upon the sensitivity measurements, we suggested that the subgraph defined by high sensitivity, that is, mutually facilitating nodal interactions within the PDRP space, can be viewed as a compact, densely connected core zone. The periphery, by contrast, is defined by node-to-node interactions that are either substantially weaker or altogether absent. Region weights on a given covariance pattern represent the activity of a specific regional component relative to the mean for the overall topography. We found that correlations of region weights with EC were valid only for absolute values-an observation that we confirmed (data not shown) using EC vectors from adjacency matrices constructed based on mutual information, an intrinsically positive functional distance metric (Muskulus et al. 2009 ). This indicates that EC values do not relate to nodal metabolic activity within the network as represented by the sign of the corresponding region weight. The data suggested, however, that while region weight sign had no clear influence on the centrality of a given node, it did relate its sensitivity to small perturbations in input from other nodes. This in turn was reflected in the core property ("coreness") of the node within the overall network.
The PDRP was derived from a PCA-based algorithm (Eidelberg 2009; Spetsieris and Eidelberg 2011) . As with other multivariate approaches, PCA-based covariance topographies are defined by the loadings (region weights) on the resulting covariance patterns which may have positive or negative (or 0) values. It is noteworthy that PCA inherently does not impose an orientation on the eigenvector read-out. Thus, region weight sign can be reversed without altering the intrinsic relational topography (although in that instance the associated subject scores would have to be multiplied by −1). Moreover, the biological significance of positive ("red") versus negative ("blue") region weights in PCA-based disease topographies has been questioned with regard to the global normalization procedure performed as part of the model (Borghammer et al. 2008 (Borghammer et al. , 2009 . The idea that the disease-related covariance topographies identified using PCA reflect normalization artifacts has been discounted based upon theoretical as well as empiric considerations Spetsieris and Eidelberg 2011; Dhawan et al. 2012) . In this study, graph theory independently identified the metabolically overactive ("red") PDRP components as the facilitatory network core, while the relatively underactive ("blue") components were identified as its periphery. In this context, graph theory provides a deeper understanding of the organization of the disease network than routine PCA. This is illustrated by the structure of the graph that we created based upon edges defined by the top 1% of the measured sensitivity values (see Supplementary Notes). We used a standard display package to visualize the disease network by ranking the graph edges by the corresponding sensitivity values (Fig. 4) . To simplify the visualization, we limited the display to the top 1% of measured sensitivity values, omitting any unconnected ("dangling") nodes. The chosen layout thus positioned the most sensitive facilitating connections centrally, whereas lower ranked interactions were placed at varying distances from center based upon their relative sensitivity values. Importantly, the graph was constructed using only centrality derivative data; information regarding nodal EC values or the magnitude and sign of the corresponding PDRP region weights was not used to shape the topology of the display. Even so, the resulting graph was substantially "centralized", with an uneven distribution of sensitivity values across the network space (Wasserman and Faust 1994) .
The visualized graph exhibited a number of interesting organizational features. Our visualization approach revealed two discrete nodal clusters as part of the overall network topology: a major module corresponding to the cortico-striatal-pallido-thalamo-cortical (CSPTC) system and a minor module involving ponto-cerebello-limbic pathways. Each module is likely to possess distinct functional correlates. Increased metabolic activity in the core nodes of the major module (Fig. 4, left) is a stereotyped feature of the PDRP, which consistently correlates with akinetic-rigid clinical manifestations (Eidelberg 2009; Niethammer and Eidelberg 2012) . The minor module (Fig. 4,  right) , by contrast, involved abnormal ponto-cerebello-limbic nodal interactions that have been linked to other clinical manifestations of the disorder. Indeed, parkinsonian tremor and the placebo response have been associated with functional changes in the pathways that connect these nodes (Mure et al. 2011; Ko, Feigin et al. 2014) . It is noteworthy that there was virtually no spatial overlap between these metabolic patterns (r = 0.03; topographical similarity test (Ko, Spetsieris et al. 2014) ). Nonetheless, a significant correlation (r = 0.41, P = 0.05; Pearson's correlation) was observed between expression levels for these 2 topographies measured at baseline in 23 PD subjects who received sham surgery as part of a randomized doubleblind gene therapy trial (LeWitt et al. 2011; Ko, Feigin et al. 2014; Niethammer et al. 2017) . Moreover, expression values for the 2 patterns trended together (r = 0.39, P = 0.07) in these subjects when they were rescanned under blinded conditions 6 months following sham surgery. This suggests that interactions between discrete nodal subpopulations within the module can occur under specific conditions. The clinical correlates of such interactions are not known.
From a topological standpoint, the 2 network modules exhibited similarities as well as differences. Both contained centralized clusters of interconnected mutually facilitating nodes, which, in aggregate, defined the network core. As demonstrated above, the major module exhibited a well-defined core versus periphery structure: a core defined by a dense, metabolically active collection of nodes with strong functional interactions involving the basal ganglia, thalamus, and frontal cortex. This module also contained a periphery that was defined by a discrete ring of metabolically underactive cortical nodes with relatively weak functional interactions. It remains nonetheless unclear whether the minor module possesses a defined peripheral zone, and whether its nodes interact with the core of the major module. The answers to these questions may impact the design of novel network-based treatment strategies for PD, particularly those targeting non-motor manifestations of the disorder.
The disease network was thus characterized by 2 independent core clusters, each populated largely by metabolically active PDRP regions. Regional glucose metabolism measured in the resting state with FDG PET is known to be an index of afferent synaptic activity (Sokoloff 1999; Lin et al. 2008) . Because of this relationship, it is perhaps not surprising that densely connected mutually facilitating core nodes exhibit concomitant increases in local metabolic activity. We note that a close topographic correlation was present in all samples between the vectors of nodal degree and EC (r > 0.90, P < 0.001 for PD1-PD4 and NL1-NL2), corresponding respectively to the first and last iterations of the power method (ƙ = 1 and ƙ = 7) employed to extract the principal eigenvector of the adjacency matrix (see Supplementary Fig. 8 ). Even so, the core-periphery structure displayed in Figure 4 was not discerned until the fourth power interaction (ƙ = 4, Supplementary Fig. 8E ). Indeed, the segregation of metabolically active nodes into a discrete core cluster did not become apparent until the final 3 power iterations (ƙ ≥ 5). This suggests that the core-periphery structure of the PD network is dependent more on the pattern of node-to-node interactions than on the number of connections (i.e., degree centrality) per se.
The PD Metabolic Network: Pathological Exaggeration of the Small-world Phenomenon
As with many biological networks, information processing in the PDRP exhibits small-world properties. Indeed, small increases in clustering and reductions in path length were consistently evident with the PDRP space of healthy subjects, relative to corresponding values for the rest of the brain (i.e., the "non-PDRP" space). These changes are compatible with "smallworld" processing within the PDRP space in healthy individuals. Given that cost is relatively conserved in the PDRP and non-PDRP spaces of healthy subjects, it is likely that the smallworld property of the normal PDRP subspace represents an adaptation to the high information processing requirements of these brain regions in the resting state. That said, measures of small-worldness differed when independently evaluated in the patient samples. In each PD group, there was a substantial increase in clustering in the PDRP relative to non-PDRP space. Moreover, clustering in the PDRP space was also significantly greater in PD compared to healthy subjects, with analogous reductions in path length. Clustering in the non-PDRP space was similar for the patient and control groups, whereas corresponding path length was relatively greater than normal in this "non-disease" space. In aggregate, these findings point to a substantial increase in the small-world property of the PDRP network space in the disease brain.
Several additional features accompanied the increase in small-worldness that was seen in the PDRP space. In the normal samples, there was little difference in wiring cost for information processing in the PDRP space relative to the rest of the brain (difference in wiring cost: NL1 7%, NL2 2.5%). In PD, by contrast, the increase in subgraph wiring cost was strikingly large for the PDRP space (difference: PD1 45%, PD2 30.1%, PD3 23.6%). The escalation of wiring cost within the PDRP space is compatible with the presence of a dense metabolically active core zone, as was demonstrated for this network. It is likely, therefore, that under pathological conditions the increased small-world property of the PDRP becomes a liability by increasing the energetic cost of information processing at critical core nodes. Interestingly, changes in these descriptors were not limited to the space occupied by the disease network. For example, all 3 patient samples exhibited relative increases in path length in the "non-disease" space, with reduced edge numbers and conserved clustering. While these changes were associated with reductions in overall wiring cost outside the PDRP space, the loss of connections and increased path length in this subgraph points to dysfunction in other brain networks such as those associated with cognitive functioning at more advanced disease stages (Niethammer and Eidelberg 2012; Meles et al. 2015; Mattis et al. 2016) .
It is also noteworthy that analogous increases in clustering with diminished path length were seen within the PRP, the abnormal metabolic pattern identified in the spatial covariance analysis of scan data from MPTP and control non-human primates Peng et al. 2016) . As in humans with PD, the parkinsonian monkeys exhibited concurrent increases in connected edges and overall wiring cost within the PRP subgraph, as well as a relative increase in path length in the rest of the brain. This suggests that in both species, the small-world property of the disease network is potentiated by dopaminergic loss. That said, in both human PD and experimental parkinsonism, increased small-worldness comes at the price of high wiring cost and diminished processing efficiency within the network space.
The current findings accord with a previous study showing detrimental effects of dopamine D2 receptor blockade on normal small-world networks (Achard and Bullmore 2007) . Moreover, the exaggerated small-worldness that characterized information processing within the PDRP space was only partially corrected by levodopa treatment (Table 1) . During clinically effective levodopa infusion, PD4 subjects (Fig. 7) increased characteristic path length toward normal and reduced subgraph wiring cost within the PDRP subspace. Like the other patient samples, PD4 subjects also exhibited significant increases in PDRP clustering and small-worldness when measured in the baseline unmedicated condition ( Supplementary  Fig. 9 ). However, unlike characteristic path length, PDRP clustering was unaltered by levodopa, with only minimal change in smallworldness in the treated condition (Table 1 ; Supplementary  Fig. 10 ). The findings thus suggest that the clinically beneficial effects of the drug relate to the improved efficiency and lower cost of information processing within the network space. Pharmacological dopamine repletion, however, likely has minimal impact on the underlying changes in clustering and smallworldness that typify the disease network.
In general terms, the network changes observed in PD can be construed in economic terms. The healthy brain utilizes sparse small-world networks to achieve efficient information processing at reduced energetic cost (Bullmore and Sporns 2009) . PD, by contrast, is associated with an abnormal network in which the small-world property is exaggerated with attendant increases in metabolic cost. Indeed, contrary to neurodegenerative disorders such as Alzheimer's disease, in which extensive loss of "small-worldness" lends to profound behavioral deficits (Stam et al. 2007) , PD is associated with an excess of this otherwise favorable network characteristic. Graph visualization (Fig. 8) linking this abnormality to the presence of "closed triples" (triangles) within the disease space reflects anomalous, mutually facilitating functional interconnections between nearest neighbors. This pathological form of information transfer is likely to incur high energetic cost, as indicated by the localization of these pathological links to metabolically active core zones within the disease network.
Notably, analogous core-periphery topologies were not discerned in graphs from either of the normal NL1 or NL2 samples. Indeed, the data suggest that these changes constitute a distinct maladaptive response to the underlying pathological process, which parallel the progression of the illness. Increases in the small-world property are associated with synchronization of nodal discharges and spontaneous oscillatory behavior in experimental systems (Arenas et al. 2008) , phenomena that are also characteristically seen in electrophysiological studies of nonhuman primates with experimental parkinsonism and in recordings from human PD subjects undergoing deep brain stimulation (DBS) surgery (Wichmann and Dostrovsky 2011; Guridi and Alegre 2017) . Although refractory to acute dopaminergic pharmacotherapy, this feature of the PD functional pathology may be amenable to interventions that directly interrupt such anomalous Table 1 Small-worldness (S) of the study groups estimated within the PDRP network space, non-PDRP network space and the whole brain. The wiring costs were at minimum values that produced the fully connected graphs, i.e., 18% for PD1 and NL1, 12% for PD2, PD3, PD4 and NL2, and 24% for MPTP and NL (for details, see text). Small-worldness coefficients (S) for each group and subspace. Significant differences in S for the PD groups relative to corresponding control values (P < 0.05, permutation test) at minimum cost (*) or throughout most of the cost range (**). See Supplementary Figures 3, 5 -7, 9, and 10 for group differences in S and in the other network parameters, plotted over the cost range.
pathways within the network core. Indeed, knowledge of local network architecture may help in the design of new therapies for PD and other circuit disorders (Ko, Choi et al. 2014) . Finally, we emphasize that our data were derived from an analysis of metabolic brain data using a standardized ROI approach. Together, the combination of the relatively high resting signal-to-noise of FDG PET and the association of local radiotracer uptake with afferent synaptic activity Lin et al. 2008; cf. Patel et al. 2014; Dienel 2017 ) proved conducive to the detection of abnormal nodal interactions at the group level. That being said, voxel-based EC maps and disease-related functional topographies can be generated with resting-state fMRI techniques (Lohmann et al. 2010; Vo et al. 2017) . Relationships between nodal EC values and region . Node-to-node functional connections in the PD4 group shown in the off-medication condition (A) and during and intravenous levodopa infusion titrated to achieve maximal motor benefit (B, see text) for the PDRP (left) and non-PDRP (right) spaces. The data suggest that levodopa treatment was associated with an increase in characteristic path length (L) toward normal levels in the PDRP space from the shortened values seen in the PD groups. Nonetheless, treatment had no effect on PDRP space clustering values, which remained elevated compared to normal. However, in the PDRP space, small-worldness (S), sCost and the number of edges declined with levodopa infusion, while concurrently these measures increased in the non-PDRP space. Thus, in the treated state, values for these parameters matched closely those for the NL1 graph (Fig. 5A) . interconnected nodes (open triples) are evident involving (1) the putamen, globus pallidus, and the thalamus, (2) the pons, cerebellar vermis, and premotor/prefrontal cortex, and (3) superior and middle frontal gyri, and inferior parietal lobule. (B) In the PD1 group, additional edges (heavy lines) were formed sealing each of the triples off as a discrete triangle. These edges denote specific node-to-node functional interactions present in PD but not in healthy subjects. Notably, the closed triples (triangles) in (1) and (2) were located within the core zones identified in the structural analysis of the PD network (Fig. 4 ). These were formed by abnormal functional connections linking the nearest neighbors of core nodes through bidirectional mutually facilitating interactions (red arrows). [Edges conforming to known anatomical connections between nodes are represented by black solid lines. Edges corresponding to functional links between nodes "without" corresponding direct anatomical correlations are represented by dotted lines. Corresponding edge values are represented by red curved arrows.] weights on fMRI-based disease patterns need to be rigorously examined, as well as similarities and differences in their respective graph theoretic topologies.
